Abstract: Precise evaluation of the tympanic membrane (TM) is required for accurate diagnosis of middle ear diseases. However, making an accurate assessment is sometimes difficult. Artificial intelligence is often employed for image processing, especially for performing high level analysis such as image classification, segmentation and matching. In particular, convolutional neural networks (CNNs) are increasingly used in medical image recognition. This study demonstrates the usefulness and reliability of CNNs in recognizing the side and perforation of TMs in medical images. CNN was constructed with typically six layers. After random assignment of the available images to the training, validation and test sets, training was performed. The accuracy of the CNN model was consequently evaluated using a new dataset. A class activation map (CAM) was used to evaluate feature extraction. The CNN model accuracy of detecting the TM side in the test dataset was 97.9%, whereas that of detecting the presence of perforation was 91.0%. The side of the TM and the presence of a perforation affect the activation sites. The results show that CNNs can be a useful tool for classifying TM lesions and identifying TM sides. Further research is required to consider real-time analysis and to improve classification accuracy.
Introduction
Middle ear diseases are diagnosed using patient's history and otoscopic findings in the tympanic membrane (TM). Guidelines on otitis media highlight the usefulness of TM findings in diagnosing various types of otitis media [1] . The development of video endoscopes has enabled more accurate detection of diagnostic lesions. However, clinical diagnosis of otitis media is mainly subjective. In addition, it shows limited reproducibility due to the high reliance on the clinician experience and cooperation of the patients [2] .
Artificial intelligence is often employed to perform high-level image analysis such as image classification, segmentation and matching. The success of such an analysis highly depends on feature extraction, for which deep learning is widely used [3] . In particular, convolutional neural networks (CNNs) have demonstrated good performance in automatic classification of medical images (e.g., skin lesions [4, 5] , eye lesions [6] [7] [8] , radiologic and MRI images [9] [10] [11] ). Several studies have applied deep learning for making diagnoses based on otoscopic images. Accuracies from 73.11% to 91.41% have been reported when applying deep learning to distinguish acute otitis media (AOM) and otitis media with effusion (OME) [12] [13] [14] . At the same time, chronic otitis media (COM) is challenging due to variability of the images and difficulty of locating lesions. Shie et al. proposed a machine-learning algorithm to classify normal middle ear, AOM, OME and COM with an accuracy of 88.06% [15] .
In this study, we propose a machine-learning method to detect the TM findings accurately. The aim of the study is to build and evaluate a CNN model for TM classification (i.e., detecting TM side and presence or absence of perforation). The usefulness and reliability of the CNN in classifying TMs is also investigated.
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Materials and Methods

Datasets
Following the approval of the Institutional Review Board (2018-0655) of the Asian Medical Center (AMC), we retrospectively reviewed images of TMs captured via an endoscopic system. TM images were collected at the Department of Otorhinolaryngology-Head & Neck Surgery in AMC between April 2016 and April 2018. All images were evaluated and categorized by two otologists (JYL and JWC). In this study, postoperative, retraction, attic lesion and inadequate images were excluded. A total of 1338 images were used for training; 714 (right: 347; left: 367) normal TMs and 624 (right: 305; left: 319) TMs with perforation. After the training phase, the model was applied to a new image set (right normal: 663; left normal: 773; right TM with perforation: 181; left TM with perforation: 201).
Deep Neural Network Model
The CNN model for detecting the TM side and presence of perforation was built using Python programming language. The model comprises six layers ( Figure 1 ). The convolutional layers contain 32 masks. The kernel size is 3 × 3 in all convolutional layers and 2 × 2 in all max-pooling layers. The fully connected layer includes 128 nodes, whereas the last layer has only two nodes presented as output probabilities. The available images were randomly assigned to training, validation and testing sets in the ratio of 60%:20%:20%, respectively. Regarding the detailed hyperparameters used in this study, we tried a lot of combinations of hyperparameters to optimize CNN training and finally used hyperparameters are as follows: batch size 32, number of epochs 400, SGD as an optimizer, learning rate 0.0001, momentum 0.9, Nesterov momentum. Training dataset was augmented with sheer range 0.2, rotation range 5, horizontal flip for normal vs. perforation training. and presence or absence of perforation). The usefulness and reliability of the CNN in classifying TMs is also investigated.
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The CNN model for detecting the TM side and presence of perforation was built using Python programming language. The model comprises six layers ( Figure 1 ). The convolutional layers contain 32 masks. The kernel size is 3 × 3 in all convolutional layers and 2 × 2 in all max-pooling layers. The fully connected layer includes 128 nodes, whereas the last layer has only two nodes presented as output probabilities. The available images were randomly assigned to training, validation and testing sets in the ratio of 60%:20%:20%, respectively. Regarding the detailed hyperparameters used in this study, we tried a lot of combinations of hyperparameters to optimize CNN training and finally used hyperparameters are as follows: batch size 32, number of epochs 400, SGD as an optimizer, learning rate 0.0001, momentum 0.9, Nesterov momentum. Training dataset was augmented with sheer range 0.2, rotation range 5, horizontal flip for normal vs. perforation training. The CNN was trained in the following two stages: first, to distinguish the TM side regardless of the lesion presence; second, to detect the presence of perforations (Figure 2 ). In the test phase, a class activation map (CAM) was applied to evaluate feature extraction. This process can effectively visualize The CNN was trained in the following two stages: first, to distinguish the TM side regardless of the lesion presence; second, to detect the presence of perforations ( Figure 2 ). In the test phase, a class activation map (CAM) was applied to evaluate feature extraction. This process can effectively visualize feature variations in illumination, normal structures and lesions, which are commonly observed in images. The activation site was divided into eight parts as follows: external auditory canal, TM, tympanic annulus, malleolar short process, malleolar handle, umbo, cone of light, perforation margin and middle ear (Figure 3 ). The TM and external auditory canal (EAC) were divided into four subparts (anterior-posterior and superior-inferior). The CAM results were analyzed statistically using the Statistical Package for the Social Sciences (SPSS) software, version 22.0 (SPSS Inc., Chicago, IL, USA). Logistic regression was used to evaluate the statistical significance and odds ratio (OR).
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Results
Accuracy
The classification accuracy was calculated as the number of correctly classified instances divided by the total number of considered instances and multiplied by 100. In the training phase, the accuracy of the CNN model was 98.7% for the TM side classification and 87.20% for the detection of perforation presence or absence. In the test phase, the accuracy of detecting the side of the normal TM was 99.2% for the right side and 96.5% for the left side. The accuracy of detecting the side of the TM with perforation was 99.5% for the right side and 95.6% for the left side. The accuracy of detecting presence 
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Accuracy
The classification accuracy was calculated as the number of correctly classified instances divided by the total number of considered instances and multiplied by 100. In the training phase, the accuracy of the CNN model was 98.7% for the TM side classification and 87.20% for the detection of perforation presence or absence. In the test phase, the accuracy of detecting the side of the normal TM was 99.2% for the right side and 96.5% for the left side. The accuracy of detecting the side of the TM with perforation was 99.5% for the right side and 95.6% for the left side. The accuracy of detecting presence or absence of perforation was 94.5% for the right side and 91.2% for the left side. The accuracy of finding no perforation was 91.7% for the right normal TM and 89.1% for the left normal TM. The accuracy of detecting perforation was 94.5% for the right TM with perforation and 91.2% for the left TM with perforation. The overall accuracy of the model was 98.7% for detecting the side and 91% for detecting the presence or absence of perforation (Table 1) . Table 2 show the performance of the CNN model. The sensitivity and specificity of the model were 97.9% and 96.3% in the detection of side. In the detection of perforation, the sensitivity and specificity were 91.0% and 90.5%. The positive predictive value (PPV) and negative predictive value (NPV) were 96.9% and 99.1% for the detection of side and 98.0% and 72.3% for the detection of perforation. 
Class Activation Map
The presence or absence of the heat map of the CAM image was calculated using a new dataset (right TM: 844; left TM: 974) of the test phase. The overall activation rate of the CAM was 8.7% for the left normal TM and 52.5% for the right normal TM. The overall analysis results are summarized in Table 3 . The top three activation sites were the EAC anterior-inferior portion (52.2%), cone of light (46.1%) and malleolar short process (45.2%) in the left normal TM. For the side detection of the left normal TM, TM posterior-superior (OR: 17.56) and TM posterior-inferior (OR: 37.87) were statistically significant. However, there is no statistically significant subsite for the presence or absence of perforation. For the right normal TM, malleolar short process (89.9%), EAC posterior-superior (87.4%) and EAC anterior-inferior (86.8%) were frequent activation sites. There is no statistically significant site for the side detection and the detection of presence or absence of perforation. The overall activation rate for the TMs with perforation was 94.8% for the left and 60.3% for the right. EAC posterior-superior (74.3%), EAC posterior-inferior (63.3%) and middle ear (61.8%) were the top three activation sites for the left TM with perforation. Perforation margin (OR: 9.03) and middle ear (OR: 3.55) were statistically significant only in the detection of presence or absence of perforation for the left TM with perforation. For the right TM with perforation, middle ear (75.9%) was first, EAC anterior-inferior (59.8%) was second and perforation margin (53.9%) was third. For the right TM with perforation, middle ear (OR: 37.88) was statistically significant in the detection of the presence or absence of perforation. There was no statistically significant site in the detection of the side for the TM with perforation. AS: Anterior-superior, AI: Anterior-inferior, PS: Posterior-superior, PI: Posterior-inferior. *: statistically significant (p < 0.0.5), ( ): Odd ratio.
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Discussion
Accurate diagnosis of the ear diseases requires mastery of the otoscopic examination [1] . Interpretation of the TM requires extensive training and experience with an associated learning curve [16] . It has been reported that pediatricians and otolaryngologists provide an accurate diagnosis of middle ear pathology in only 50% and 73% cases, respectively [17] . Some studies reported a diagnostic accuracy among otologists of 72-82% [18, 19] .
In some studies, diagnostic systems for AOM and OME rely on selected features used for image processing of otoscopic images. A diagnosis support system analyzing the color of the TM has been reported to achieve an accuracy of 73.11% [13] . Another diagnostic system using features that mimic an otologist's decision-making process for otitis media has been reported to achieve an accuracy of 89.9% [14] , while an automated feature extraction and classification system for AOM and OME has achieved an accuracy of 91.41% [12] .
While many studies on AOM and OME have demonstrated excellent results, image classification studies on COM are rare since COM can show variable lesions and anatomical distortion, making feature selection more complicated. Shie et al. reported a computer-aided diagnostic system for otitis media [15] . They classified otitis media into four categories (normal, AOM, OME and COM) and the accuracy was 88.06%. The authors used different types of filters to extract features. In contrast, we extracted features using a deep neural network to characterize the TM in this study. These features were automatically applied for classification. We found that the proposed CNN model can improve diagnostic accuracy. Our model achieved the overall accuracy of 98.7% for the TM side and 91% for the presence or absence of perforation. These results are comparable with other diagnostic accuracies achieved by physicians, algorithms and machine-learning models. However, our CNN model was trained to perform binary classification only; its ability to distinguish various lesions is yet to be verified.
To interpret the process, a CAM visualizing the extracted characteristics was used. In this study, we were able to obtain a CAM that can be analyzed in 8.7-94.8% of the test set. For TMs with perforation, the decision process of detecting perforation may be made by observing the perforation margin or middle ear, and the results were statistically significant. However, for the left normal TM, it is difficult to interpret whether the CNN shows such an accuracy even though the activation rate is very low. In particular, when the side is misjudged, the activation rate is relatively high (69.6%). Despite the fact that the normal structures usually used for the decision-making process by otologists were activated, some structures (TM anterior-superior, annuls anterior-superior, umbo) demonstrated negative correlation. Negative correlation was also observed for some subsites (EAC anterior-inferior, EAC posterior-superior, TM anterior-inferior) in the right normal TM; however, the other subsites were not significant. By employing deep learning in this study, we sacrificed the interpretability to achieve high accuracy and end-to-end training. CAM is one of the popular methods for interpreting CNN results. To overcome the limitations of CAM, several variations of the pooling method were reported, including global average pooling, gradient-based localization method and gradient-weighted CAMs [20] . Also, the bounding box generation has been proposed, which is a segmentation and covering method for connecting components to CAM values [21] . However, interpretability still remained a problem.
The EAC was angled even in normal subjects. In general, the pinna should be manipulated in otoscopic examination to attempt aligning the cartilaginous portion of the ear canal with the bony portion. For better visualization of the TM, holding an otoscope in the left hand for examining the left ear and the right hand for the right ear is recommended [22] . However, in an otoendoscopic examination, the examiner holds an endoscopic camera with the right hand regardless of the ear side. By pulling the patient's auricle outward, the external ear canal would be straightened and the endoscope could be advanced in the external ear canal [23] . Due to this practice, the approach angle and captured images would be taken less consistently for the left side compared to the right side. Therefore, this practice is considered to be one of the factors affecting the accuracy of classifying the left side TM images.
Several factors, including sufficiently large volumes of data, improvement of graphic processing and development of a deep learning method, have contributed to the success of deep learning models [24] [25] [26] . For classifying otitis media, Kasher et al. proposed deep learning models built on two CNN architectures, namely InceptionV3 and Mo-bileNet. The accuracy of Inception V3 was 82.2% and that of MobileNets was 80% [27] . The number of layers in InceptionV3 was 42 and that in MobileNet was 28 layers. Usually, deeper neural network models perform better than thin neural network models. However, the gradient may vanish with the depth of the layers. ResNet by Microsoft was one of the famous deep neural network architectures that overcame gradient vanishing. At the planning step of this study, we compared the performance of ResNet and our CNN model (data not shown). The accuracy of our CNN model was comparable with that of the ResNet model. However, since our model was trained to perform only binary classification, it can be considered to be no different from a deep model such as ResNet. Hence, we plan to develop a real-time decision model as our next step.
To improve this model in the next study, an increase of the data volume, understanding the symmetry and use of different kinds of diseases will be needed. To expand the dataset volume, image transform technics can be useful. The transform techniques, such as mirroring, rotation, flip and even generative adversarial networks (GANs), can be used [28] [29] [30] . Also, understanding the symmetric feature can improve the exact diagnosis [29] . Additionally, using different and more problematic cases will be required. Tympanic membranes with retraction, perforation with discharge and cholesteatoma are more difficult to detect than clear perforation. Taken together, further research will be needed to create models that could analyze the whole spectrum of otoscopic pictures in clinical practice.
The limitation of this study is that only two classes are considered, while the postoperative condition and attic lesions that may be more difficult to interpret are excluded. In addition, real-time diagnosis of otitis media is desirable. Therefore, further research and development of the proposed deep learning model is required.
Conclusions
In the test dataset, the CNN model accuracy of detecting the TM side was 97.9%, whereas detecting the presence of perforation was 91.0%. With the CAM, we could imagine the site of interest the CNN model relies on. The CAM activation rate for the left TMs with perforation was 94.8%, whereas that for the right TMs with perforation was 60.3%. CNNs can be a useful tool for classifying TM lesions and identifying TM sides. Further research is required to consider real-time analysis and to improve classification accuracy.
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